ABSTRACT: This study investigated the improvement in genetic evaluation of fertility traits by using production traits as secondary traits (MILK = 305-d milk yield, FAT = 305-d fat yield, and PROT = 305-d protein yield). Data including 471,742 records from first lactations of Denmark Holstein cows, covering the years of inseminations during first lactations from 1995 to 2004, were analyzed. Six fertility traits (i.e., interval in days from calving to first insemination, calving interval, days open, interval in days from first to last insemination, numbers of inseminations per conception, and nonreturn rate within 56 d after first service) were analyzed using single-and multiple-trait sire models including 1 or 3 production traits. Model stability was evaluated by correlation between EBV from 2 sub-data sets (DATA A and DATA B ). Model predictive ability was assessed by the correlation between EBV from training data (DATA A or DATA B ) and daughter performance (yield deviation, defined as average of daughter-records adjusted for nongenetic effects) from test data (DATA B or DATA A ) in a cross-validation procedure, and correlation between EBV obtained from the whole data set (DATA T ) and from a reduced data set (DATA C1 , which only contained the first crop daughters) for proven bulls. In addition, the superiority of the models was evaluated by expected reliability of EBV, calculated from the prediction error variance of EBV. Based on these criteria, the models combining milk production traits showed better model stability and predictive ability than single-trait models for all the fertility traits, except for nonreturn rate within 56 d after first service. The stability and predictive ability for the model including MILK or PROT were similar to the model including all 3 milk production traits and better than the model including FAT. In addition, it was found that single-trait models underestimated genetic trend of fertility traits. These results suggested that genetic evaluation of fertility traits would be improved using a multiple-trait model including MILK or PROT.
INTRODUCTION
Female fertility in Holstein cattle has declined over the last 20 yr (Royal et al., 2000; Lucy, 2001; AndersenRanberg et al., 2005) . The decline in female fertility leads to additional inseminations and increased veterinary cost, culling rate, and replacement rate. Therefore, genetic improvement in female fertility is an important issue in dairy cattle breeding. However, the heritabilities of fertility traits are low, ranging from 0.01 to 0.1 (Wall et al., 2003; Averill et al., 2004) . The low heritability results in a relatively low reliability of genetic evaluations for fertility.
Moreover, in practical dairy cattle breeding, a longterm intensive selection has been implemented on milk production traits. An important condition for EBV to be unbiased is that information on selection decisions should be included in the data (Henderson, 1975; Schaeffer et al., 1998; Mrode, 2005) . Accordingly, EBV of fertility traits, estimated using a model without combining information of milk production traits, may be biased.
It is expected that genetic evaluation of fertility traits can be improved by using a multiple-trait model including milk production traits. Milk production traits have a moderate heritability and a moderate genetic correlation with fertility traits (Wall et al., 2003; Gonzalez-Recio et al., 2006) . According to the principles of BLUP (Henderson, 1975) , the information of milk Improvement in genetic evaluation of female fertility in dairy cattle using multiple-trait models including milk production traits 1 C. Sun,* † P. Madsen,* M. S. Lund,* Y. Zhang, † U. S. Nielsen, ‡ and G. Su* 2 *Department of Genetics and Biotechnology, Faculty of Agricultural Sciences, Aarhus University, DK-8830, Tjele, Denmark; †College of Animal Science and Technology, China Agricultural University, Beijing, China; and ‡Danish Agricultural Advisory Service, DK-8200 Aarhus N, Denmark production traits will give a benefit to accuracy of EBV for fertility traits (Schaeffer, 1984) . Alternatively, a multiple-trait model including milk production will reduce or eliminate the bias (due to indirect selection) in genetic evaluation of fertility traits by including records upon which selection decisions were made (Pollak et al., 1984; Sorensen et al., 2001) . The objective of this study was to assess the impact of including production traits on genetic evaluation of fertility traits, based on the data from first lactations of the Danish Holstein cows.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not obtained for this study because the data were obtained from an existing database of performance records.
Data
The female fertility and milk production traits in the present study were interval in days from calving to first insemination (ICF), interval in days from first to last insemination (IFL), calving interval (CI), days open (DO), number of inseminations per conception (AIS), nonreturn rate within 56 d after first-service (NRR56), 305-d milk yield (MILK), 305-d fat yield (FAT), and 305-d protein yield (PROT) in first lactations of the Danish Holstein population. The raw data were provided by the Danish Cattle Federation and covered insemination years from 1995 to 2004. The data were edited by keeping only those herds that had fertility records in each year and a minimum of 5 records per year, and only those sires that had at least 5 daughters with records.
Furthermore, those cows which had ICF less than 20 d or were not inseminated were excluded from the data. In addition, for the cows with unknown date of conception, the last insemination was treated as successful insemination, but a penalty of 21 d (the average length of estrus cycle) was added to IFL, DO, and CI, and a penalty of 1 to AIS. The penalty assumed that the cows failing to become pregnant would conceive if given an extra estrus cycle (Donoghue et al., 2004; Hou et al., 2009 After editing, the entire data set (DATA T ) contained 471,742 first lactation records from cows belonging to 6,887 sires and 1,899 herds. The pedigree, built using sire-dam structure and tracing back as many generations as possible, included 23,744 individuals. In addition, 3 data subsets were created for the purpose of model validation in such way: DATA T was split randomly by herd to form 2 subsets (DATA A and DATA B ) and excluded records of second crop of daughters to produce a reduced data set (DATA C1 , data of first crop daughters). The detailed information of the data sets is shown in Table 1 .
Models
Five linear Gaussian sire models were implemented for genetic evaluation of the 6 fertility traits: singletrait model for each fertility trait, 2-trait model including one fertility trait together with MILK (MT M ), with FAT (MT F ), or with PROT (MT P ), and 4-trait model including 1 fertility trait and the 3 milk production traits (MT MFP ). The basic model to describe the observations written in matrix notation was
where y was a vector of observations of particular fertility or production traits; β was a vector of fixed effects including age group (in months, defined as age at first insemination before first calving for fertility traits, or age at first calving for milk production traits), yearmonth of calving (for ICF, CI, DO, MILK, FAT, and PROT) or insemination (for IFL, AIS, NRR56), herdyear of calving (for ICF, CI, DO, MILK, FAT, and PROT) or insemination (IFL, AIS, NRR56), regression on breed proportion of US Holstein, and regression on total heterozygosity; s was a vector of sire additive genetic effects; e was the vector of random residuals; and X and Z were incidence matrices. The following (co) variance structures were assumed for the random effects: 
where A was the additive genetic relationship matrix, G s was the covariance matrix of sire genetic effects, I was an identity matrix, and R 0 was residual covariance matrix.
To compare multiple-trait models including information of production traits with a multiple-trait model including fertility traits only, an additional analysis was carried out using a 4-trait model including ICF, IFL, AIS, and NRR56.
The variance and covariance components were estimated on the whole data set (DATA T ). The estimated variance and covariance were used to predict breeding values using different models and based on different data sets. The analysis was carried out using the DMU package (Madsen et al., 2006; Madsen and Jensen, 2007) .
Model Comparison
Models were validated in terms of model stability and predictive ability. Model stability was assessed by the correlation between EBV from subset DATA A and DATA B . Model predictive ability was evaluated using 3 criteria. The first was the correlation between EBV from DATA C1 and DATA T for proven bulls. These bulls had at least 100 daughter records with an average of 1,279 records in DATA T . Therefore, the EBV for these bulls can be considered as approximations of true breeding values. The second criterion was the correlation between EBV and yield deviation (YD) in a cross-validation. The YD was estimated from DATA A and DATA B , respectively, by adjusting daughter performance for nongenetic effects. Then model predictive ability was evaluated by correlation between EBV from DATA A and YD from DATA B , and between EBV from DATA B and YD from DATA A . The third was expected reliability (R 2 ) of EBV, calculated from prediction error vari-
s In this study PEV was calculated by direct inverse of the coefficient matrix of the mixed model equations. In addition, genetic trends were plotted for each fertility trait and each model, based on EBV of sires with more than 20 daughters in DATA T .
RESULTS
Descriptive statistics of the traits are shown in Table  2 . For fertility traits, the average performance was 81.3 d for ICF, 413.1 d for CI, 133.3 d for DO, 51.1 d for IFL, 2.24 for AIS, and 56% for NRR56. Coefficients of variation of fertility traits ranged from 18.4% for CI to 128.1% for IFL. Mean for MILK, FAT, and PROT was 7,482.6, 303.2, and 248.8 kg, and the CV was 17.7, 17.4, and 16.6%, respectively.
The genetic parameters estimated on DATA T for each trait are listed in Table 3 . Heritability estimates were low for all fertility traits with the least (0.010) for NRR56 and the greatest (0.087) for ICF. The IFL and AIS had similar estimates of heritability (0.036 vs. 0.033). The estimates for DO and CI were almost the same (0.069 vs. 0.070). Heritability estimates for MILK, FAT, and PROT yield were 0.386, 0.347, and 0.337, respectively. Table 4 presents genetic and phenotypic correlations between fertility and milk production traits. Both genetic and phenotypic correlations between NRR56 and milk production traits were close to 0. The genetic correlations between the other 5 fertility traits and milk production trait were moderate (from 0.285 to 0.495), and the phenotypic correlations were weak (from 0.095 to 0.201. The ICF, CI, and DO had greater correlations with MILK than with PROT and FAT, whereas IFL and AIS had greater correlation with PROT than with MILK and FAT, and FAT had less correlation with fertility traits than MILK and PROT. Table 2 . Means, SD, and CV for fertility and milk production traits, calculated from the whole data set (DATA T ), and the 2 subsets (DATA A , DATA B ) of DATA T As shown in Table 5 , based on the sires with at least 20 daughter-records in DATA T , the rank correlation between EBV from the single-trait models and multipletrait models were larger than 0.99, and the number of common individuals in the 100 top-ranking sires obtained from single-trait models and multiple-trait models ranged from 86 to 90 for NRR56. For the other 5 fertility traits, the rank correlations were between 0.929 and 0.980, and the number of common individuals in the 100 top-ranking sires ranged from 67 to 84.
The rank correlations between EBV obtained from 2 subsets (DATA A and DATA B ) for each model are shown in Table 6 , which reflected model stability. Based on EBV for the sires with at least 20 daughter-records in the whole data set, the correlations ranged from 0.551 to 0.684 for different traits and models. Multiple-trait models had greater (P < 0.05) correlations than the single-trait model for ICF, CI, DO, IFL, and AIS, but not for NRR56. Among multiple-trait models, MT MFP and MT M had the greatest correlations for ICF, MT MFP and MT P had the greatest correlations for IFL and AIS, and MT F had smaller correlations than the other multiple-trait models. However, most of the differences between various multiple-trait models did not significantly differ from zero (P > 0.05). The improvement in stability of EBV using multiple-trait models was the largest for IFL. The rank correlations between DATA T and DATA A and between DATA T and DATA B (results not presented) for sires with at least 20 daughterrecords in the whole data set also indicated that multiple-trait models were superior to single-trait models.
As a measure of model predictive ability, Spearman rank correlations between EBV from training data and YD from test data were calculated for sires that had daughter-records in the test data and had more than 20 daughter-records in the whole data set (Table 7 ), in a cross validation procedure. Using the same model, the correlations were greatest (P < 0.05) for ICF, CI, and DO, followed by IFL and AIS, and was least for NRR56. The rank was consistent with the rank of heritabilities for these traits. With regard to models, multiple-trait models produced greater correlations than the singletrait model for all the fertility traits, except for NRR56. In addition, MT MFP and MT M resulted in slightly greater correlations than MT F and MT P for ICF, CI, and DO, whereas MT MFP and MT P led to slightly greater correlations than MT F and MT M for IFL and AIS. However, the differences between models were not statistically significant (P > 0.05). The order (from large to small) of benefit in accuracy of EBV from using multiple-trait models was IFL, AIS, CI and DO, and ICF.
Another measure of model predictive ability was the rank correlation between EBV from DATA T and DATA C1 for proven bulls that had more than 100 daughter-records in DATA T (Table 8 ). The rank correlations ranged from 0.516 to 0.707 over the traits and models. It was found that multiple-trait models had greater (P < 0.05, except for MT F in ICF, where P = 0.10) correlations than single-trait models for ICF, CI, DO, IFL, and AIS, but not for NRR56. Among 4 multi-trait models, MT MFP and MT M were the best for ICF, CI, and DO, whereas MT MFP and MT P were the best for IFL and AIS traits. However, the differences between 4 multiple-trait models were very small. It was found that IFL got the largest benefit from multipletrait models, followed by AIS, then CI and DO, and then ICF.
For sires with at least 20 daughter-records in DATA T , the reliabilities of EBV from different models were calculated (Table 9 ). In terms of the traits, the reliability of EBV increased with increasing heritability of the traits for all models, and thus were the least for NRR56 and the greatest for ICF. In terms of the models, multiple-trait models had obvious advantages over single-trait models for ICF, CI, DO, IFL, and AIS, but little for NRR56. In addition, the reliabilities of EBV from MT MFP were a little greater than those from MT M , MT F , and MT P for all fertility traits, except for NRR56. The increasing rate in reliability of EBV using multiple-trait models was greater for IFL than ICF, and the increasing rates for AIS, CI, and DO were between IFL and ICF.
Genetic trends of the fertility traits, measured as the average of sire EBV per birth-year, are shown in Figure 1 . There was an unfavorable genetic trend for all the fertility traits, except for NRR56, which had a very small change over 10 yr. The patterns of genetic trends obtained from different models were consistent. However, a direct comparison on the figures showed that the rate of change from single-trait models was less than those from multiple-trait models. The rate of change obtained from the 4 multiple-trait models was almost the same.
In an additional analysis, a 4-fertility-trait model was used to predict breeding values of ICF, IFL, AIS, and NRR56. It was found that the 4-fertility-trait model performed worse than any multiple-model including 1 fertility trait and 1 or more production traits for genetic evaluation of ICF, IFL, and AIS. However the 4-fertility-trait model improved genetic evaluation of NRR56. Compared with the single-trait model, the 4-fertility-trait model led to an increase by 0.017 (P = 0.25) for rank correlation between EBV from DATA A and from DATA B for the sires with at least 20 daughter-records in the whole data, by 0.037 (P = 0.02) for rank correlation between EBV from DATA T , and from DATA C1 for proven sires. Rank correlations between EBV from DATA A and YD from DATA B and between EBV from DATA B and YD from DATA A were increased by 0.010 (P = 0.65) and 0.012 (P = 0.59), respectively. For sires with at least 20 daughter-records in DATA T , the average reliability of EBV was increased by 0.114 (P < 0.01).
DISCUSSION
The present study investigated genetic evaluation of female fertility using single-trait models and multipletrait models combining information of milk production traits. The rank correlation between sire EBV obtained from single-trait and multiple-trait models differed from unity for all the fertility traits except for NRR56. Similar results were reported by Kadarmideen et al. Table 5 . Spearman rank correlations between breeding values predicted using singletrait and multiple-trait models for sires with at least 20 daughter-records in the whole data set (DATA T ), and the number of common individuals in the 100 top-ranking sires (in parentheses) (2003) who found that the rank correlations between EBV from single-trait models and 2-trait models with milk yield ranged from 0.89 to 0.96 for CI, ICF, IFL, AIS, and conception rate at first insemination. It indicated that genetic evaluation of fertility using a singletrait model or a multiple-trait model with yield traits could lead to a different ranking of candidates.
From quantitative genetic theory, the accuracy of EBV for a trait with low heritability can be improved using multiple-trait models including correlated traits that have relatively high heritability. The benefit using the information of secondary traits depends on the correlation structure and the difference in heritability between primary and secondary traits, as well as the difference between genetic and environmental correlations (Falconer, 1981; Schaeffer, 1984) . The present study showed that the estimates of heritability were low for fertility traits (0.010 to 0.087) and moderate for milk production traits (0.337 to 0.386). Moreover, there were moderate genetic correlations (0.285 to 0.495) and low environmental correlations (0.095 to 0.201) between milk production and fertility traits, except for NRR56, which had neither genetic nor environmental correlations with milk production traits. These estimates of parameters indicated that the accuracy of EBV for fertility traits would increase using a multiple-trait model including milk production traits, except for NRR56.
The present study confirmed the advantage of multiple-trait models using information of milk production traits in predicting breeding value of fertility traits. Compared with single-trait models, multiple-trait models led to greater correlations between EBV from 2 random subsets, between EBV from the whole and reduced data with records of first crop daughters, and between EBV and yield deviations in a cross-validation, as well as greater estimated reliabilities of EBV, for all the fertility traits except for NRR56. Moreover it was found that a multiple-trait model including a fertility trait and 1 or more production traits performed better than a 4-fertility-trait model including ICF, IFL, AIS, and NRR56, for genetic evaluation of ICF, IFL, and AIS (results were not presented). Similarly, Biffani et al. (2005) analyzed fertility traits (ICF, CI, and NRR56) using a 3-trait model (including only fertility traits) and a 5-trait model (adding MILK and angularity as correlated traits) and found that the 5-trait model increased accuracy for EBV.
Improvement in EBV by adding information of milk production traits in order (from large to small) was IFL, AIS-CI-DO, and ICF. In the present study, genet- ic and environmental correlations of milk production traits with IFL were similar to those with ICF, CI, and DO, but heritability of IFL was only one-half as much as those for the other 3 traits. Consequently, IFL got the largest benefit in EBV from milk production traits. Compared with CI and DO, AIS had a low heritability too, but also relatively low genetic correlations with milk production traits. Thus the percentage of improvement in EBV due to using information of milk production traits was similar for these 3 traits. Heritability of ICF was a little greater than those for CI and DO, and genetic correlations between ICF and milk production traits were slightly less than those between CI, DO, and milk production traits. Consequently, the contribution of milk production traits to improvement of EBV for ICF was less than that for CI and DO. As expected, milk production traits contributed nothing to EBV of NRR56, because both genetic and environmental correlations between NRR56 and milk production traits were close to zero. Based on the criteria in this study, milk yield gave slightly larger benefit to EBV of ICF than protein yield, whereas protein yield gave a little larger benefit to EBV of IFL than milk yield, and both milk yield and protein yield had larger contributions to EBV of fertility traits than fat yield. When a model already included protein yield or milk yield, a multiple-trait model including all 3 yield traits gave very little extra improvement in EBV of fertility traits. Therefore, it was recommended to use a multiple-trait model including protein yield or milk yield for genetic evaluation of fertility traits.
Genetic evaluation for fertility traits without using information from milk production traits may be biased due to intensive selection for milk production traits. An important condition for EBV to be unbiased is that information of selection decisions should be included in the data (Henderson, 1975; Schaeffer et al., 1998; Mrode, 2005) . In this study, it was found that singletrait models underestimated genetic trends of fertility traits. Similarly, Sewalem and Kistemaker (2008) reported that genetic trends of ICF and IFL using singletrait models were much smaller than those using 2-trait models with milk yield. In a simulation study, Sorensen and Johansson (1992) reported that the estimates of correlated response were smaller than true values when the trait was only genetically correlated with a directly selected trait, and larger than true values when they were only environmentally correlated. This kind of bias is expected to be reduced or eliminated by including records upon which selection decisions are made (Pollak et al., 1984; Sorensen et al., 2001) .
It can be concluded that multiple-trait models including milk production trait(s) have better stability and predictive ability than single-trait models for genetic evaluation of fertility traits, except for NRR56. When a model already includes protein yield or milk yield, a multiple-trait model including more yield traits gives very little extra improvement in EBV of fertility traits. In addition, genetic trends of fertility traits could be underestimated using single-trait models due to lack of information of selection decisions. Considering computing demands, it could be a good strategy for genetic evaluation of female fertility to use a multipletrait model including protein yield or milk yield.
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